The ability to monitor the success of cognitive processing is referred to as metacognition. Studies of metacognition typically probe post-decision judgments of confidence, showing that we can report on the success of wide range of cognitive processes. Much less is known about our ability to monitor and report on the degree of top-down attention, an ability of paramount importance in tasks requiring sustained attention. However, it has been repeatedly shown that the degree and locus of top-down attention modulates alpha (8-14 Hz) power in sensory cortices. In this study we investigated whether self-reported ratings of attention are reflected by sensory alpha power, independent from confidence and task difficulty. Subjects performed a staircased tactile discrimination task requiring sustained somatosensory attention. Each discrimination response was followed by a rating of their attention at the moment of stimulation, or their confidence in the discrimination response. MEG was used to estimate trial-by-trial alpha power preceding stimulation. Staircasing of task-difficulty successfully equalized performance between conditions. Both attention and confidence ratings reflected subsequent discrimination performance. Task difficulty specifically influenced confidence ratings. As expected, specifically attention ratings, but not confidence ratings, correlated negatively with contralateral somatosensory alpha power preceding tactile stimuli. Taken together, these results demonstrate that the degree of attention can be subjectively experienced and reported accurately, independent from task difficulty and knowledge about task performance.
Introduction
Many day-to-day tasks require sustained attention, such as minding the traffic ahead while driving your car. However, we are unable to sustain attention indefinitely, with spontaneous lapses in attention leading to sub-optimal performance and even causing potentially hazardous situations, e.g. when a jaywalker suddenly crosses your path (for an overview of the costs of mindwandering see e.g. Mooneyham and Schooler, 2013) . We would therefor benefit from an ability to monitor our attentional performance, even in situations where external cues about its functioning are not (yet) present. Such an ability to monitor the success of cognitive processing is commonly referred to as metacognition and has experienced a recent surge of interest (Fleming et al., 2012a; Meyniel et al., 2015) . However, the study of attention monitoring per-se has so far remained scant (Macdonald et al., 2011; Whitmarsh et al., 2014) .
Metacognition is typically studied by means of confidence judgments, demonstrating an ability to report on the efficacy of wide range of cognitive processes, from visual discrimination and detection (Fleming et al., 2010; Baird et al., 2013; Fleming et al., 2012b; Wu, 2015) , to perceptual categorization (Paul et al., 2015) , memory (Yokoyama et al., 2010) , mathematical calculation (Fernandez Cruz et al., 2016) , visuo-motor performance (Sinanaj et al., 2015) and somatosensory discrimination (Hilgenstock et al., 2014; Baumgarten et al., 2016) . Furthermore, studies show that people differ in the degree of correspondence between their subjective confidence and objective (Type-1) task performance, allowing the evaluation of metacognitive accuracy, or Type-2 performance (Fleming et al., 2010; Fleming and Lau, 2014; Maniscalco and Lau, 2012) .
While both attention and confidence ratings allow researchers to determine metacognitive accuracy, attention is also neurophysiologically tractable. Specifically, extracranial electroencephalography (EEG) and magnetoencephalography (MEG) recordings of pre-stimulus activity show that top-down attention suppresses alpha (8-14 Hz) oscillations in a retinotopic (Kelly et al., 2009; Rihs et al., 2007; Thut et al., 2006; Tallon-Baudry, 2008, 2009 ) somatotopic (Haegens et al., 2010; Anderson and Ding, 2011; Whitmarsh et al., 2014; van Ede et al., 2012 van Ede et al., , 2014 Haegens et al., 2011; Anderson and Ding, 2011) , and modality-specific (Mazaheri et al., 2014; van Diepen et al., 2015) manner. The role of alpha oscillations in attention is understood in terms of its ability to selective inhibit task-irrelevant activity through pulsed inhibition, modulating cortical excitability in preparation to upcoming stimuli, as well as selecting and routing information flexibly (Klimesch et al., 2007; Jensen and Mazaheri, 2010) . Indeed, fluctuations of pre-stimulus alpha in sensory areas determine subsequent performance, from tactile detection (Weisz et al., 2014) and discrimination (Haegens et al., 2011) , visual detection (Thut et al., 2006) and discrimination (Kelly et al., 2009) , to response inhibition (Bengson et al., 2012) and modulating partial awareness of letters versus words (Weisz et al., 2014; Magazzini et al., 2016; Levy et al., 2013) . Furthermore, combined EEG-fMRI studies show that occipital and central alpha power are inversely related to visual (Scheeringa et al., 2009 (Scheeringa et al., , 2011 and somatosensory (Ritter et al., 2009 ) BOLD signal, respectively. Localized alpha power can therefor function as an objective index of attentional performance in the study of metacognition. In a recent MEG study, Baumgarten et al. (2016) investigated the relationship between confidence and alpha power when subjects distinguished single from double electro-tactile stimuli. Correct trials showed a negative correlation between binned alpha power and mean confidence ratings, while incorrect trials showed a non-significant positive correlation. The relationship between confidence ratings and performance, i.e. metacognitive accuracy, was not reported, however, limiting the interpretation of these initial findings.
The current study further extends the research on metacognition of attention. While it was previous shown that ratings of attention correspond to contralateral alpha power Whitmarsh et al. (2014) , it has not yet been investigated whether attention ratings are able to explain variations in somatosensory discrimination. In other words, the link between neurophysiological measures of attention, subjective ratings of attention, and behavioral performance was still missing. The current study therefor set out to measure metacognitive performance in a somatosensory discrimination task. However, as argued in Whitmarsh et al. (2014) , by providing a task context, confidence (about performance) might give away cues about the attentional state. We tested this alternative explanation by also measuring the correlation between confidence and alpha power. In contrast to Whitmarsh et al. (2014) , subjects were not cued to attend to either their left or right hand, but were always attending to their left hand. This removed the necessity to counter-balance the response hand, further simplifying the experiment for the subject and potentially increasing spontaneous fluctuations of attention between trials. Furthermore, to increase the sensitivity of our correlation analyses, we increased the metacognitive ratings from a 4-step to a 7-step rating. A block-design allowed a within-subject comparison of metacognitive performance and neurophysiological correlates of both attention and confidence judgments.
Subjects discriminated electro-tactile stimuli, followed by either attention, confidence or control (random) ratings. On-line staircasing was used to manipulate task difficulty while equalizing performance levels between subjects and conditions. It has previously been shown that confidence in a decision increases with discriminability of the stimulus (Vickers and Packer, 1982) and decreases with task difficulty (Lund, 1926; Hertzman, 1937; Kiani et al., 2014) . In rats, the probability that a trial will be aborted reflects decision confidence, which increases with reduced target discriminability on error trials (Kepecs et al., 2008; Kepecs and Mainen, 2012) . Furthermore, computational models where confidence reflects target discriminability (Rolls et al., 2010b; Kepecs and Mainen, 2012; Insabato et al., 2010; King and Dehaene, 2014) are supported by BOLD studies (Rolls et al., 2010a) and intercranial recordings in monkeys (Kiani and Shadlen, 2009) . We therefore hypothesized that difficulty would influence confidence ratings, but not affect attention ratings.
Metacognitive accuracy was measured independently from response bias by means of the area under the receiver operating characteristic curve (AUROC2, Fleming and Lau, 2014) . We hypothesized that both attention and confidence ratings reflect discrimination performance, expressed by a mean AUROC2 greater than 0.5. We expected attention ratings, but not confidence ratings, to correlate negatively with alpha power preceding the tactile stimuli. MEG was used to source-reconstruct trial-by-trial alpha power during a three second interval preceding the tactile stimuli, an interval previously demonstrated to be associated with retrospective ratings of attention (Macdonald et al., 2011; Whitmarsh et al., 2014) .
Materials and method

Subjects
26 healthy subjects (12 females, mean age 29 years, range 23-35) enrolled after providing written informed consent and were paid in accordance with guideline of the local ethics committee. The experiment was in compliance with national legislation and the code of ethical principles (Declaration of Helsinki). One subject was excluded from the analysis due to an implant that would make subsequent MRI scanning unsafe.
Experimental paradigm
The experiment consisted of three randomized conditions presented in three randomized triplets, for a total of nine blocks. Each block started with a display of instructions, followed by 40 trials. The onset of each trial was indicated by the disappearance of arrows flanking the fixation cross (Fig. 1) . Attention was maintained during a delay of logarithmic probability, i.e. according to a flat hazard rate (3-15 s, M=5 s). A single electro-tactile stimulus was then presented, followed in 50% of cases (ad random) by a second stimulus. To normalize performance over subjects, the stimulus onset asynchrony (SOA) of the second stimulus adapted on-line according to a 2-up, 1-down staircasing procedure, resulting theoretically in a performance of 71% (Levitt, 1971) . The minimum SOA was set at 10 ms due to the fact that during piloting shorter SOAs resulted in qualitatively stronger sensations, probably due to temporal summation. One second after stimulation, a response screen probed subjects to indicate whether the stimulus consisted of one or two shocks, followed by a 7-step rating. In the attention condition, subjects reported on their level of attention at the moment of stimulus presentation. In the confidence condition, subjects reported their confidence in the stimulus discrimination. In the control condition, subjects had only to select a point on the scale that was indicated at random (excluding starting position), c.f. Fleming et al. (2012b) . The direction of scales was counterbalanced over subjects. No feedback about performance was provided.
Procedure
After digitization of head-shape and location of head-position coils, disposable ring electrodes (Nicolet, Natus Medical Inc.) were placed on the second phalanx of the thumb, at 4 mm apart, and connected to the stimulator (DeMeTech SCG 3.0) placed outside the magnetically shielded room. The stimulation current (at 200 μs) was adjusted in collaboration with the participant to a level where a clear but comfortable sensation was perceived. The level was always at a minimum of 120% of sensory threshold, and never reached motor threshold. In a workup session preceding the recording, the initial step sizes (5 or 10 ms) and SOAs (50, 100 or 200 ms) were calibrated. If during the workup the staircasing did not converge, stimulus intensity was increased and the calibration repeated. Once seated in the MEG gantry, the experiment was practiced for a minimum of 10 trials per condition until understood. A self-paced break was allowed between each block and a longer break was advised at every three blocks. The experiment lasted for a total of about 45 min, including breaks.
Data acquisition
MEG measurements were carried out using a 306-channel wholescalp neuromagnetometer system (Elekta Neuromag TRIUX TM , Elekta Oy, Helsinki, Finland). Data was recorded at 2 kHz, bandpass filtered between 0.1 and 660 Hz and stored for off-line analysis. Horizontal eye-movements and eye-blinks were monitored using horizontal and vertical bipolar EOG electrodes. Cardiac activity was monitored with bipolar ECG electrodes attached below the left and right clavicle. Hi-res Sagittal T1 weighted 3D IR-SPGR (inversion recovery spoiled gradient echo) images were acquired using a GE MR750 3 Tesla scanner with the following pulse sequence parameters: 1 mm isotropic resolution, FoV 240×240 mm, acquisition matrix: 240×240, 180 slices 1 mm thick, bandwidth per pixel=347 Hz/pixel, Flip Angle=12°, TI=400 ms, TE=2.4 ms, TR=5.5 ms resulting in a TR per slice of 1390 ms. Increased bandwidth and shorter echo time provided minimal fat chemical shift voxel displacement and improved skull structure delineation.
Behavioral analysis
Behavioral analyses were done using R-3.2.3 (R Core Team, 2013). The effects of condition, metacognitive rating, SOA (of double stimuli), trial duration and time on experiment (trial number) were modeled as fixed effects with subject as a random effect in linear mixed effects analyses, using the lme4 package (Bates et al., 2015) and tested using lmerTest (Kuznetsova et al., 2015) , with Tukey post-hoc tests as implemented in Hothorn et al. (2008a) . Metacognitive accuracy (Type-2 performance), was quantified as the area under the receiver operating characteristic curve (AUROC2) (Fleming et al., 2010; Fleming and Lau, 2014) . Differences in AUROC2 between conditions were tested using Monte Carlo permutation tests (Hothorn et al., 2008b) . The first 30 trials were excluded from analysis to allow the staircasing to stabilize.
MEG analysis
Continuous MEG data were preprocessed off-line with MaxFilter 2.2.10 (Elekta Oy, Helsinki, Finland), using tSSS for artifact removal and head movement compensation with a correlation limit of 0.9 and segment length of 20 s (Taulu and Kajola, 2005; Taulu and Simola, 2006) . MEG data was further analyzed using the Matlab-based Fieldtrip toolbox . Trials were defined at cue offset until 10 ms preceding the first stimulus. Trials containing movement or muscle artifacts, or superconducting quantum interference device (SQUID) jumps were discarded by visual inspection. Independent component analysis (Makeig et al., 1996) was used to remove eye and cardiac artifacts. For each subject, the peak alpha frequency was determined by the maximum log power between 8 and 14 Hz at all gradiometers, across all trials. Source reconstruction was done using a frequency-domain beamformer approach (Dynamic Imaging of Coherent Sources, DICS) which uses adaptive spatial filters to localize power in the entire brain (Gross et al., 2001; Liljeström et al., 2005) . The brain volume of each individual subject was discretized to a grid with 5 mm resolution. For every grid point, a spatial filter was constructed from the cross-spectral density matrix and lead field. Lead fields were calculated for a subject specific realistic single-shell model of the brain (Nolte, 2003) , based on individual anatomical MRI images spatially (affine) normalized to the International Consortium for Brain Mapping template (Mazziotta et al., 2001 ). The spatial filter was based on the total trial length and over all trials and conditions to obtain an accurate and unbiased estimation, using a Sleppian multitaper approach for controlled frequency smoothing ( ± 1 Hz) around the individual alpha frequency. At each grid point and for each trial, alpha power was estimated during the last 3 s preceding stimulus. A general linear model (GLM) was applied on the trial-by-trial alpha power estimation at each grid-point. The independent variables included metacognitive ratings as well as the following confound regressors: correct/incorrect, log-transformed response time (of the discrimination response), log-transformed trial duration, trial number and block number. In the confidence conditions, trials with the lowest rating (1) were removed from the analysis due to their deviation from the overall patterns of increased performance ( Fig  3A, right panel) . However, this did not qualitatively change the outcome or interpretation of the results. By normalizing both data and independent variables, the GLM analysis estimates partial correlations for each regressor. Correlation values for metacognitive ratings of attention and confidence were compared to those based on random Fig. 1 . Schematic of the paradigm with a single-stimulus trial in the attention condition as an example. In the control condition, one of the ratings is blue which the subjects simply have to select. ratings in the control condition, using paired t-tests. Voxels showing a significant difference (p < 0.05, two-sided) were used in cluster-based permutation tests (Maris and Oostenveld, 2007) to identify spatial clusters of significant difference (p < 0.05, two-sided, 5000 permutations). The estimates correlation values across voxels within these clusters were then correlated with individual metacognitive accuracy values (AUROC2) in a Regions Of Interest (ROI) analysis. Labels of anatomical regions were reported using the Automated Anatomical Labeling (AAL) atlas (Tzourio-Mazoyer et al., 2002) .
Results
Behavioral results
To allow comparisons between Type-2 performance unbiased by Type-1 performance, four subjects for which the staircasing method did not converge were rejected from further analysis (79.7%, 76.0% 78.2% and 61.9%). The average discrimination performance on the 21 remaining subjects was 71.0% (SD=1.48). The staircasing procedure also successfully equalized discrimination performance between conditions ( Fig. 2A; F(2,40) =1.11, p=0.340), further shown by a significant effect of SOA (in double stimuli trials) on performance (t(3302)=10.30, p < 0.0001). As expected, while longer SOAs increased confidence ratings (t(1129)=2.668, p < 0.01), attention ratings were unaffected by task difficulty (t(1054)=-0.381, p=0.704).
Response times differed between conditions (attention: M=0.73, SD=0.28, confidence: M=0.77, SD=0.23, control: M=0.73 SD=0.27, F(2,100)=3.77, p=0.027). Correcting for multiple comparisons, a posthoc Tukey test found that this was the result of longer response times in the confidence condition (Tukey post-hoc: z=2.796, p=0.015). Correct responses (M=742 ms SD=247 ms) were significantly faster than incorrect (M=953 ms SD=340 ms) responses (F(1,100)=89.27, p < 0.0001). Response times decreased over time (t(1,6791)=−5.76, p < 0.0001), while performance did not (t(6791)=−0.140, p=0.816).
Metacognitive ratings displayed a strong positive association with discrimination performance in both the attention (t(2201)=4.841, p < 0.0001) and confidence (t(2320)=7.395, p < 0.0001) condition (Fig. 3A) . Higher metacognitive ratings were associated with faster discrimination responses, in both the attention (t(2201)=−22.83, p < 0.0001) and confidence (t(2320)=−27.89, p < 0.0001) condition (Fig. 3B) .
Metacognitive accuracy was larger in the attention and confidence condition than in the control condition where ratings were randomized ( Fig. 2B ; control: M=0.52, attention: M=0.58, p=0.012, confidence: M=0.61, p < 0.001). Metacognitive accuracy based on attention and confidence ratings did not differ significantly from each other (p=0.172). Importantly, metacognitive accuracy did not correlate with discrimination performance in the attention (t(19)=1.368, p=0.1873, Fig. 4 ) or confidence condition (t=−0.057128, df=19, p=0.955), showing that the Type-2 measure was not biased by Type-1 performance.
MEG results
Whole-brain cluster analyses found no clusters of significant difference in mean alpha power (averaged over trials) between the control, attention and confidence condition.
Trial-by-trial estimates of alpha power, during the three-second period preceding stimulus, correlated negatively with subsequent attention ratings (Fig. 5 and Table 1 ). A more conservative alpha threshold (0.001) at the mass-univariate voxel level was used for improved cluster separation. Attention ratings correlated negatively with alpha power in the right postcentral (somatosensensory) gyrus, contralateral to the attended hand. In addition, three more clusters were found in which alpha power correlated negatively with attention ratings: a prefrontal cluster including the superior frontal gyrus and extending into the anterior cingulate, a cluster in the primary visual cortex, and a cluster in the left thalamus. Additional t-test confirmed that mean correlations across voxels within each of these clusters were not only smaller than in the control condition, but significantly negative as well (t-tests against zero mean: p=0.0008, p=0.0007, p=0.0033 and p=0.028, respectively).
Whole-brain cluster analysis showed no clusters of significant correlation between alpha power and confidence ratings. An exploratory region-of-interest (ROI) analysis, based on regions found in the attention condition, also indicated no significant correlation between alpha power and confidence ratings (t-tests against zero mean: p=0.365, p=0.174, p=0.850 and p=0.543, respectively).
To test for a relationship between alpha power and discrimination performance, a whole-brain cluster analysis was done on the beta values of the correct/incorrect regressor, averaged over conditions. Neither a whole-brain cluster analysis, nor a ROI analysis based on the ROIs found in the attention condition, showed a significant effects of performance on alpha power.
In neither the attention, nor the confidence condition, were significant correlations found between individual metacognitive accuracy and the correlation of alpha power with rating, either by using a whole-brain cluster analysis or a ROI analysis based on the ROIs found in the attention condition.
Discussion
Both attention and confidence ratings were found to reflect task performance, demonstrating an ability to monitor both attention and task performance fluctuations despite an absence of explicit feedback. The observed ranges of metacognitive accuracy based on attention (0.47-0.76) and confidence (0.43-0.78) ratings were comparable with those found earlier for confidence judgments in Fleming et al. (2010) (0.55-0.75) and Fleming et al. (2012b) (~0.57 to~0.72) . In fact, the metacognitive accuracy of attention and confidence ratings were not statistically different. The accuracy of attention monitoring seems therefor on par with measures of metacognitive accuracy based on traditional confidence judgments. Furthermore, in agreement with our hypothesis regarding the neurophysiological correlate of attention, a negative correlation was found between attention ratings and contralateral somatosensory alpha power preceding tactile stimuli. 5 . Clusters of significant negative correlations between alpha power and attention ratings. Blue overlay represents correlation value within clusters as averages over subjects. A strong effect is found in the somatosensory cortex at the hand-knob contralateral (right) to the attended hand (2) in addition to the left superior frontal (1), parieto-occipital regions (3) and thalamic areas (not shown).
Conversely, as expected, only confidence ratings reflected trial-by-trial manipulation of task difficulty, with judgments of attention shown to be independent from task difficulty. These results thus demonstrate a unique relationship between attention ratings, somatosensory alpha power and discrimination performance, independent from confidence judgments. Importantly, none of these effects can be explained by differences in performance between conditions, which were successfully equalized between subjects and conditions. These findings are consistent with an earlier study Whitmarsh et al. (2014) where selfreported attention was found to correspond with contralateral somatosensory alpha power in the absence of a concomitant task or exogenous stimulation. Together, these studies strongly support the notion that attention can be monitored without perceptual cues and independent from knowledge about task performance.
Interestingly, attention ratings also correlated negatively with parieto-occipital alpha power. The parieto-occipital cortex is the strongest source of alpha activity (Hari and Salmelin, 1997; Pfurtscheller et al., 1996) and a robust negative correlate of visual attention (Kelly et al., 2009; Rihs et al., 2007; Thut et al., 2006) . Notably, the visual modality provided neither distractions nor benefits, so that active inhibition of visual information was not necessary for task performance. Bauer et al. (2006) also found that in addition to the suppression of somatosensory alpha in anticipation of a tactile stimulus, bilateral occipital regions showed alpha suppression as well. This co-activation of visual regions might be explained by recent behavioral findings that indicate that vision and haptics likely share attentional resources (Wahn and König, 2015) . Alternatively, (Bauer et al., 2006 ) also argued that co-activation of occipital regions might be related to mechanisms underlying visual imagery which have indeed been reported during somatosensory attention (Zhang et al., 2004) . Attention ratings also correlated negatively with alpha power from prefrontal regions that included the superior and medial frontal cortex, supplementary motor cortex and anterior cingulate cortex. A recent meta-analysis found the dorsal medial prefrontal cortex associated with internally directed thought and mnemonic processes as part of the default mode in resting-state activity (Andrews-Hanna et al., 2014) . Such an interpretation would indeed substantiate the hypothesized engagement of internally directed processes for continuous evaluation of one's attentional state. Furthermore, connectivity between superior prefrontal and dorsal ACC was found to be correlated with metacognitive accuracy on a visual discrimination task (Baird et al., 2013) .
Additionally, attention ratings correlated negatively with alpha power in a left thalamic cluster. The thalamus has an intimate relationship with cortical processes (Sherman, 2007) , with oscillatory activity influencing neocortical networks under attentional demands (Lorincz et al., 2009; Saalmann et al., 2012; Vijayan and Kopell, 2012) . In fact, corticothalamocortical pathways have been shown to drive activity in higher-order somatosensory cortex (Theyel et al., 2010) . Thalamocortical alpha activity has been shown to synchronize using MEG (Pollok et al., 2005) . Attal and Schwartz (2013) showed modulation of thalamic alpha sources when contrasting eyes-open from eyesclosed in resting state MEG recordings. Furthermore, using MEG, Roux et al. (2013) showed amplitude-to-amplitude (as well as phase-topower) coupling at low frequencies between the thalamus and neocortex. Our finding that thalamic alpha activity correlated with reported attention is therefore consistent with a role of thalamic alpha activity in attentional modulation of cortical activity. However, this interpretation should be made only very tentatively, given that the thalamic source was localized ipsilateral from the attended hand, rather than contralateral as would be expected.
Individual differences in metacognitive accuracy have been associated with fMRI BOLD signal from the posterior parietal cortex, dorsal anterior cingulate cortex (dACC) and the anterior and dorsolateral prefrontal cortex (PFC) (Fleming et al., 2010 (Fleming et al., , 2012b Hilgenstock et al., 2014; Yokoyama et al., 2010; Baird et al., 2013; , while subcallosal ventromedial PFC lesions (Hebscher et al., 2015) and theta-bursts to the dorsolateral PFC (Rounis et al., 2010) have been shown to impair the accuracy of confidence judgments. In our study, metacognitive accuracy did not correlate with within-subject correlations between alpha and attention ratings. Since attention ratings were correlated with both alpha power and task performance, a correlation between these dependent variables could have been expected. However, the relative strength and relationship between these behavioral and neurophysiological correlates might not have been consistent over subjects, due to factors such as individual differences in alpha modulation as a function of attention, individual response biases, and differences in signal-to-noise for alpha power estimations.
The current study shows a clear correspondence between selfreported attention and source-level alpha power as a neurophysiological proxy of attention (Klimesch et al., 2007; Jensen and Mazaheri, 2010) . What remains to be addressed, is how the brain achieves accurate metacognitive monitoring of attention computationally. Recent proposals about the neuronal computations subserving metacognitive abilities highlight the role of probabilistic population coding in representing perceptual uncertainty (Meyniel et al., 2015; Kepecs and Mainen, 2012; King and Dehaene, 2014) , thereby deftly bridging the gap between neuroscientific and psychological definitions of confidence (or uncertainty). Computational approaches to metacognition are still in their early stages and these theories have so far been mostly tested in perceptual processes (Meyniel et al., 2015) . It therefor remains an open question whether probabilistic computations are involved beyond the monitoring of low-level sensory and motor representations, such as in monitoring attention. Interestingly, attention might be understood as an inference of uncertainty or precision (Feldman and Friston, 2010) , with an important role for corticalthalamic alpha activity in modulating precision through the control of spike timing synchrony of prediction error neurons (Kanai et al., 2015) . Such an account suggests that on the computational level, attention on the one hand, and precision and uncertainty on the other, might be two sides of the same coin, with alpha oscillations in sensory cortices playing a fundamental role in both. Although speculative at this point, monitoring of attention could therefore be implemented in a computationally similar way as monitoring of low-level representations, namely as a "read-out" of precision codes on the level of sensory cortices (Meyniel et al., 2015) , corresponding to ongoing alpha activity.
No differences in alpha power were found between correct and incorrect trials, consistent with earlier findings by Macdonald et al. (2011) where subjects gave combined attention-confidence ratings in a visual detection task. In Macdonald et al. (2011) parieto-occipital EEG alpha power correlated negatively with attention ratings, but not with detection performance or confidence ratings. Various studies have, however, shown a negative relationship between sensory alpha power and target detection or discrimination (van Ede et al., 2012 (van Ede et al., , 2014 Haegens et al., 2011; Thut et al., 2006) under constant perceptual thresholds. Although only tentative conclusions can be drawn from an absence of an effect in our study, we believe that the significant differences in the current design offers several explanations. Firstly, the absence of a relationship between alpha power and task performance might be explained by the way alpha power is sampled under conditions of adapting (stair-cased) task difficulty. As a result, performance was strongly dependent on trial-by-trial changes in difficulty, as shown by the large effect of ISI on performance (t(3302)=10.30, p < 0.0001) and confidence (t(1129)=2.668, p < 0.01). By equalizing performance independently from changes of attention (and therefor alpha power), a consistent relationship between alpha power and performance would have been occluded. For example, attention might have been relatively low (and alpha power relatively high) during a series of trials, while being relatively high at others (and alpha power low). In both cases task difficulty would have adapted toward the 71% performance level. As a result, correct and incorrect responses were sampled under potentially widely different alpha power levels. This confound would have been exacerbated by the fact that rather than linear, pre-stimulus alpha power and optimal stimulus processing follows an inverted u-shaped relationship (Linkenkaer-Hansen, 2004; Zhang and Ding, 2010; Ai and Ro, 2014; Rajagovindan and Ding, 2010) . Secondly, alpha modulation is not only spatially and modality selective, but reflects temporal expectations as well (van Diepen et al., 2015; van Ede et al., 2011; Bauer et al., 2014) . In fact, Bauer et al. (2014) suggests that alpha modulation reflects precision of (temporal) expectations, and shows that alpha suppression indeed reduces with increasing uncertainty about the moment of target onset. In our experiment, uncertainty about the time of stimulus onset was virtually absent due to the flat hazard rate and very long trial lengths (3-15 s), which would therefore have further reduced the link between alpha modulation and performance.
As Nelson and Narens (1990) already surmised with regard to metacognition of memory, an ability to accurately control necessitates a capacity for accurate monitoring. By using subjective reports of attention in combination with alpha power as neurophysiological proxy of somatosensory attention, the current study demonstrates an ability to monitor attention selectively and accurately. These findings add to the understanding of metacognition, as they help distinguish between the control and object level of cognitive control (Nelson and Narens, 1990; Fleming et al., 2012) . In other words, while attention is typically considered a mechanisms by which cognitive resources are controlled, the current study provides clear evidence that attention itself can be monitored as well. Indeed, the current study shows that somatosensory attention can be subjectively experienced, independently from task difficulty or knowledge of task performance. Metacognitive judgments of attention thus provide a novel and exciting avenue for the study of the relationship between neurophysiological processes of attention and our human capacity to reflect on our cognitive processes.
